Hot Mix Asphalt (HMA) 
Introduction
Compaction of Hot Mix Asphalt (HMA) using vibratory rollers is a commonly accepted practice for increasing the density and the stiffness of an asphalt pavement. The rolling pattern adopted during construction depends on the desired 'lift' thickness, the type of roller used, and the properties of the HMA mix. During field compaction, the density achieved is usually verified by taking point-wise measurements with a nuclear density gauge. Such readings are time consuming and rarely reflect the overall quality of the constructed pavement. The viscosity of the asphalt binder in the mix changes with temperature making it harder to compact a HMA layer after it cools down below the cessation temperature (typically 132 C°). This makes it imperative to quickly determine the achieved density before the mix cools down to an extent where it cannot be compacted any further.
The importance of good construction practices and quality assurance in the field for achieving the desired levels of compaction is well understood (HAPI, 2003) . Improper compaction of asphalt pavements is one of the leading contributors to the early degradation of pavements. The practice of extracting roadway cores to measure the density also leads to early onset of potholes and moisture induced damage in pavements (Scherocman, 1984) . The ability to estimate the quality of compaction of a Hot Mix example, Yoo and Selig (1979) studied the dynamic characteristics of vibratory compactors and developed an analytical model to predict the amount of energy transferred to the asphalt mat during compaction. Machine parameters (frequency, speed) are then altered to maximize the energy transferred, thereby increasing the level of compaction. However, this method does not directly yield the compacted density.
Researchers have also tried to study the performance of a compactor by observing its vibratory response (Mooney, 2002 (Mooney, , 2005 . Sandstrom (1998) utilized frequency and amplitude of vibration of the roller as it passes over the ground to compute the shear modulus and a "plastic" parameter pertaining to subgrade soil. These values were then used to adjust the speed of the compactor and its frequency and amplitude. Minchin While Intelligent Compaction techniques are gradually being accepted by the construction industry, the existing techniques are not yet commercially available largely due to their inability to account for factors in the field such as the characteristics of the compactor, subgrade characteristics, and mix properties that cause inaccuracies in the estimated density. These unaccounted parameters make the practical application of the techniques difficult. In research conducted at the University of Oklahoma (Commuri and Zaman, 2007) , the authors implemented a neural network-based strategy to estimate the level of compaction. The Intelligent Asphalt Compaction Analyzer (IACA) developed in that study was shown to be capable of estimating the density of compaction using an Asphalt Vibratory Compactor in a laboratory setting. The neural network was shown to have the ability to classify the features extracted from the vibration signals as those corresponding to the densities of the asphalt specimen. Further, the generalization capabilities of the neural network enabled it to provide reasonable density estimations when presented with data different from the set used to train the network.
In this paper, the validation of the IACA during compaction under controlled field conditions is presented. The IACA is based on the hypothesis that a vibratory compactor and the Hot Mix Asphalt (HMA) form a coupled system with characteristic vibrations during compaction. In order to minimize the effect of the subgrade on the vibrations of the compactor, a test strip with a rigid subgrade is first constructed and the functioning of the IACA is studied. Calibration procedures are developed using the vibration data and density measured from the roadway cores. The performance of the IACA is then verified against density measured using a Transtech non-nuclear density gauge, PQI 301, and the densities measures from the extracted cores from the compacted pavement.
Theoretical background for intelligent compaction
The behavior of an HMA pavement under traffic and environmental conditions is dependent of the properties of the individual components and of the volumetric composition of the mix. In mechanistic-empirical modeling of HMA pavements, the stress-strain relationship under a continuous sinusoidal loading is defined by the complex dynamic modulus ( ) * E . The complex modulus is defined as the ratio of the amplitude of the sinusoidal stresses ( ) σ and the amplitude of the sinusoidal strain ( ).
ε Thus, the complex dynamic modulus is mathematically expressed by the following equation (Cline, 2003) : It can be seen from Equation (2) 
Design and construction of a test site for the controlled field testing
In order to minimize the effect of the subgrade on the vibrations of the compactor, a test pad consisting of a continuously reinforced concrete pavement (CRCP) is designed so as to provide a stiff uniform subgrade over which HMA overlays can be constructed. It is anticipated that the properties of such a subgrade would not alter during the course of the compaction. Thus, any changes observed in the vibration spectrum of the compactor during construction would be a result of changing properties of the asphalt mat.
The test site selected was a stretch of unused road on Mendel Plaza near Max
Westheimer Airport in Norman. The center line of the street was located and a section 
Experimental setup for use in simulated field tests
The IACA functions on the hypothesis that the vibratory roller and the underlying HMA pavement form a coupled system whose response is determined by the excitation 
such that The following steps are used to achieve this goal:
• Read the signals from the instrumented compactor and filter the signals to eliminate noise.
• Perform a Fast Fourier Transform (FFT) on the data from the accelerometer and determine the power (in decibels) of the signal at different frequencies. Extract the key features of the signals, i.e. frequencies and the corresponding power.
• Compare the extracted features with the features corresponding to a set of known densities.
• Calculate the predicted density based on the results from the previous step and the knowledge of the process parameters, i.e. mix type, mat temperature, type of compactor, etc. Table 1 ). Initially, several overlays were constructed using the S3 mix and the vibrations of the machine were collected and the corresponding spectrograms were computed. Several readings were also taken during each roller pass using a PQI 301 nonnuclear density gauge. On completion of the overlay, several cores were extracted from the compacted pavement and their density was measured in the laboratory in accordance with the AASHTO T 166 and OHD L-45 specifications. The measured core densities were used to calibrate the PQI 301 density gauge. The calibration data was used to adjust the raw density readings of the PQI 301 gauge.
The vibration data from the spectrogram was correlated with the density measurements in order to extract the data for training the neural network. Locations on the mat with densities of 90%, 92%, 94% were identified and the FFT output corresponding to these locations were identified using the GPS measurements. Eight columns of FFT data, corresponding to a linear travel of 1 foot, were selected at each of these locations to constitute the training data for the neural network. The training error for each epoch of the training is shown in Figure 5 . The training is stopped once the required precision ( 6 10 − , corresponding to 1 prediction error in 6 10 trials using the training data) is obtained.
The performance of the trained IACA was verified during the construction of an asphalt pavement on the test strip. The output of the accelerometer and the GPS measurements of the location of the compactor were collected and the spectrogram was plotted against the distance traveled by the compactor for each roller pass. After each roller pass, the density was measured at specific points on the asphalt mat using the PQI 301 gauge ( Table 2 ). The densities measured after each pass are shown in Figure 6 . It can be seen from this figure that the density increases after each pass. However, "roll over"
occurs after the third pass and subsequent roller passes cause a reduction in the density of the compacted pavement. The spectrogram of the vibrations of the compactor over the first two passes is shown in Figure 7 , where the effect of increased density on the vibration of the compactor can be easily observed.
The data from Table 2 was used to train the IACA to extract the relevant features from the vibration signal and estimate the level of compaction. The estimated density during the final pass of the first stretch is shown in Figure 8 . It can be seen that the predicted density correlates very well with the densities measured using the PQI 301
gauge. Figure 9 shows the final compacted density of the entire test strip as predicted by the IACA. Comparison with the densities measured from the cores extracted from the completed pavement show a very good correlation between the measured and predicted densities ( Figure 10 ).
Conclusions
In this paper, the design of a neural network-based Intelligent Asphalt Compaction from compacted cores and the measurement error is comparable to the errors observed using tools that measure the density at discrete points. Furthermore, the IACA output is continuously available to the operator in real time and can serve as a useful guide during the compaction process.
The validation of IACA at different construction sites is currently underway and the results will be communicated in a forthcoming paper. 
